Many urban cities in Southeast Asia are vulnerable to climate change. However, these cities are unable to take effective countermeasures to address vulnerabilities and adaptation due to insufficient data for flood analysis. Two important inputs required in flood analysis are high accuracy Digital Elevation Model (DEM), and long term rainfall record. This paper presents an innovative and cost-effective flood hazard assessment using remote sensing technology and Artificial Neural Network (ANN) to overcome such lack of data. Shuttle Radar Topography Mission (SRTM) and multispectral imagery of Sentinel-2 are used to derive a high-accuracy DEM using ANN. The improvement of SRTM's DEM is significant with a 42.3% of reduction on Root Mean Square Error (RMSE) which allows the flood modelling to proceed with confidence. The Intensity Duration Frequency (IDF) curves that were constructed from precipitation outputs from a Regional Climate Model (RCM) Weather Research and Forecasting (WRF) were used in this study. Design storms, calculated from these IDF curves with different return periods were then applied to numerical flood simulations to identify flood prone areas. The approach is demonstrated in a flood hazard study in Kendal Regency, Indonesia. Flood map scenarios were generated using improved SRTM and design storms of 10-, 50-and 100-year re-turn periods were constructed using the MIKE 21 hydrodynamic model. This novel approach is innovative and cost-effective for flood hazard assessment using remote sensing and ANN to overcome lack of data. The results are useful for policy makers to understand the flood issues and to proceed flood mitigation adaptation/measures in addressing the impacts of climate change.
Introduction
Flood modelling is a useful tool for simulating/predicting water-related situations/ disasters. In order to achieve a robust and reliable outcome of flood information, good quality data are required, such as a Digital Elevation Model (DEM) and hydrological/hydraulic data. Among those, DEM is crucial in modelling which reflects the actual topographic characteristics of the catchment (Kim et al. 2018) . Bathrellos et al. (2016 Bathrellos et al. ( , 2017 conducted research on major factors affecting natural disaster including urban floods using topographic information such as slope, elevation and distance from streams. This quantitative geomorphological analysis was able to verify the past flood events well and this implies that DEM is a critical factor in flood assessment. High resolution and high accuracy of DEM has considerable influence in 2D flood modelling (Abily et al. 2015; Ngoc and Gourbesville 2016) . Abily et al. (2016) conducted the sensitivity analysis of high resolution topography data in 2D flood modelling and emphasized that the water depth varies up to 1 m based on different resolutions in the study area. There are several sources to download the free DEMs such as the ASTER (Advanced Space-borne Thermal Emission and Reflection Radiometer), SRTM, and GTOPO30 (Global 30 Arc-Second Elevation). The SRTM at 30 m resolution was chosen for this study to derive finer resolution (20 m) data with improved DEM using the developed technique.
The SRTM is an international joint project to collect three-dimensional digital mapping of over 80% of the Earth's surface (between 60°N and 56°S) (USGS 2000) . The performance requirements for the SRTM data are such that the linear vertical absolute height error shall be less than 16 m and the relative height error shall be less than 10 m, for 90% of the data (Rodriguez et al. 2005) . The SRTM data is free and accessible to the public, however, its accuracy is limited with Root Mean Square Error (RMSE) of approximately 14 m over Singapore's forest areas due to C-band wavelengths (λ ≈ 5.6 cm) that does not adequately penetrate the vegetation canopy (Wendi et al. 2016) . Thus, the elevation in vegetation area presents an intermediate height between top of canopy and the bare surface. Also, due to its coarse resolution (30 m), it does not allow to present precise urban characteristics. Therefore, in the areas where high-accuracy surveyed DEM is not available, additional studies are required to obtain reliable topography and to overcome the uncertainty introduced by the measurement protocol. Figure 1 shows the limitation of SRTM on the ground surface scanning (Coude 2018) .
Unavailability of high-accuracy DEM and precipitation data are the major limitations of flood hazard assessment in many developing countries. The design of optimal mitigation measures including efficient stormwater systems request long records of hydrological data in order to generate the relevant rainfall IDF curves and to identify the high-risk areas (Liew et al. 2017) . Kendal Regency, Indonesia, facing aforementioned data scarcity, is regularly facing flood issues and warrants a risk analysis. The best option for this analysis is to mobilize a 2D hydraulic model (e.g. MIKE 21) in order to simulate the flood propagation. As the study area suffers from lack of rainfall data, the methodology developed by Liew et al. (2012) , which used climate model projected rainfall, has been implemented with rainfall data extracted from a high resolution regional climate model, Weather Research and Forecasting (WRF) driven by the European Reanalysis ERA-40 dataset, referred to in this paper as 'WRF/ERA40'.
In this research, flood hazard assessment model was developed to construct the flood maps for Kendal in Indonesia. The publicly available SRTM30 DEM was improved Fig. 1 The limitation of SRTM on the scanning of surface using remote sensing imagery incorporated with machine learning technique. The Regional Frequency Analysis (RFA) using the WRF/ERA40 as proxy data method was applied in the study area to generate the IDF curves.
Methodology

General concept
The Artificial Neural Network (ANN) is a useful tool to apply pattern recognition (classification) in engineering and scientific applications such as biology, medical science and remote sensing technology (Nguyen et al. 2018) . This study utilizes the strength of pattern recognition in ANN to correct/improve the elevation in SRTM. As stated above, the limitation of scanning on the surface due to coarse resolution and penetration of canopy issue, SRTM has a tendency to overestimate or underestimate the elevation in forest and urban areas. The multispectral imagery supports to classify the different types of areas by its reflectance. The ANN is then trained using SRTM and multispectral imagery, together with the target data (which is the high accuracy DEM) to calculate the weights in different type of areas. Once the results are satisfied in the validation part, the trained ANN can be applied to other areas. The generated DEM through ANN, is then used as an input in the flood model with rainfall information derived from RCM output.
Study area
Kendal regency is under Central Java and has borders with Java Sea in the north, Semarang City in the east, Temanggung in the south and Batang Regency in the west. The northern region of the city is dominated by coasts, while in the south, lined by mountains. The study area is classified as Tropical Rainforest ' Af' based on Koppen-Geiger climate classification (Kottek et al. 2006) . The average annual temperature is 20.2°C and the yearly average rainfall is 3276 mm. The rainfall is lowest in August and highest in January.
The study area is divided into two:
lowland areas in the northern coast; highland areas in the southern mountains.
The elevation ranges from 0 m to 2604 m in SRTM. The location of Kendal regency and its terrain map are shown in Fig. 2 .
Data preparation
In order to utilize the ANN, different types of remote sensing data are required. In this study, TanDEM-X (Wessel 2016) , SRTM, surveyed high accuracy DEM and multispectral imagery from Sentinel 2 were used. As the SRTM is attributed with 30 m horizontal resolution in contrast to TanDEM-X (12 m), surveyed DEM (5 m) and Sentinel 2 (10-60 m), all input layers are standardized to 20 m resolution through sampling method.
For the Regional Frequency Analysis (RFA), proxy data from downscaled RCM (30 × 30 km over the study domain) (WRF/ERA40) were used.
SRTM Data
The United States (US) National Aeronautics and Space Administration (NASA) released the SRTM data set for the globe (between 60°N and 56°S) at 3 arc-second resolution and 1 arc-second resolution for the US in 2003 (Jarvis et al. 2004) . One arc-second resolution for the globe is available after 2015. The SRTM DEM is referenced to mean sea level with the Earth Gravitational Model 1996 (EGM 1996) geoid model. Hence, this study aimed at a higher resolution than its original, resampled to 20 m.
TanDEM-X Data
The German Aerospace Center (DLR) has been operating Germany's first two formations flying Synthetic Aperture Radar (SAR) satellites, TerraSAR-X and TanDEM-X, with the objective to generate an updated global DEM. The DEM has a spatial resolution of 0.4 arc-second (≈ 12 m) with 2-4 m in relative vertical accuracy. The vertical datum of TanDEM-X is WGS84-G1150 ellipsoidal heights (Wessel 2016) and it has changed to geoid system to standardize the datum system with SRTM. As the DEM has higher accuracy and higher resolution than SRTM, it used for training of ANN after the resampling.
Sentinel 2 multispectral imagery
Sentinel 2 is an earth observation mission developed by European Space Agency (ESA) to provide the continuity services on multispectral high resolution optical observation over the global terrestrial surface (Drusch et al. 2012) . It provides the 13 spectral band spans from the visible (VIS) and the near infrared (NIR) to the short wave infrared (SWIR) at different resolutions ranging from 10 to 60 m with 10 days revisit frequency. Table 1 shows the Sentinel 2 spectral bands definition.
The bands of 2, 3, 4 and 8 are used for land cover classification and 5, 6, 7 and 8A are mainly dedicated to vegetation area. Band 1, 9, 10, 11 and 12 are used for atmospheric correction and cloud screening. In this study, 8 bands (2, 3, 4, 5, 6, 7, 8 and 8A) are used for the ANN nodes with 20 m standardized resolution. Figure 3 shows the different reflectance values based on various land use over Singapore. The reflectance in forest area is higher than urban area at SWIR bands (Band 6-8) while urban area is Fig. 2 The location of study area and its terrain map higher than forest area at NIR bands (Band 2-5). These different characteristics at each band help to classify land use in ANN as input nodes.
WRF/ERA40 rainfall grid
The ERA40 re-analyses (Uppala et al. 2005 ) provide information of climate variables every 6 h, with a horizontal resolution of 2.5°× 2.5°and 23 vertical levels. The data cover more than 40 years (1957 to 2002) . Most of the variables are available at a resolution of 2.5°× 2.5°on a regular latitude and longitude grid. The ERA40 reanalysis products use a global spectral grid model and assimilate part of the observational data from a wide variety of observed sources. As rainfall is the most important climate variable and is also a key variable for assessment of future climate changes, model evaluations of simulated rainfall is crucial. However, this is not within the scope of this study and the reader is referred to Liew et al. (2012 Liew et al. ( , 2014 further. This paper also describes constructing storm design drainage curves from RCM outputs. This study makes use of these IDF curves as the starting point for flood simulations. Nevertheless, for brevity, the model reproduced rainfall is compared against observations, as seen in Fig. 4 . After the validation, this study investigates the frequencies and magnitudes of extreme rainfall events from WRF/ERA40 for 9 grid points in the study area (Fig. 5) . The baseline period over the present day climate considered was from 1961 to 1990.
Generation of improved DEM
The procedure of DEM improvement using ANN is divided into three major parts, which are training, validation, and application. ANN is a nonlinear mathematical structure model which is capable of representing an arbitrarily complex nonlinear process that relates the inputs and outputs of any system (Hsu et al. 1995) . The ANN mimics the human's brain with two primary features: the ability to 'learn' and 'generalize' from limited information (Hewiston and Crane 1994) . Also, ANN is powerful in the analysis of remotely sensed data, particularly in the classification of land use and land cover (Manibhushan et al. 2011) .
At the training stage, the weights of ANN are updated by backward propagation when the target/reference data sets are provided. Pontian District in southern Malay Peninsula was selected, in this study, as the training part. SRTM and 8 bands of multispectral imagery from Sentinel 2 were used for input nodes and TanDEM-X was used for target nodes. Table 2 shows the example of ANN input layers. The 8 bands of Sentinel 2 are used to classify the various land uses which can be used to calculate the weights in ANN for different land uses so that the error can be reduced between the elevation of SRTM and TanDEM. The validation was conducted in Singapore where high accuracy DEM is available. The trained ANN was finally applied to the study area in Kendal Regency. The procedure of DEM improvement is shown in Fig. 6 . Fig. 4 Annual mean precipitation between CRU and WRF/ERA40 (Liew et al., 2012) 
Generation of IDF curves
The RFA has been conducted using proxy rainfall data from WRF/ERA40. Hosking and Wallis (1997) developed a complete algorithm for the RFA method based on the approach of L-moments by pooling the sites with similar statistical characteristics in a homogeneous region instead of a single site in the at-site frequency analysis. The discordancy and heterogeneity measures are the primary indicators for accepting or rejecting the grid points from the study area. A discordancy measure is used to identify the sites with gross errors in the data or the data are grossly discordant with the region as a whole (Liew et al. 2014) . Also, the heterogeneity is a statistical test to define the regional heterogeneity which is based on L-moments and on the theory that all stations of the region have the same population of L-moments, and then the studied region can be defined as homogeneous or not (Hosking and Wallis 1997). Figure 5 shows the selected 5 grid points which meet the criteria of RFA. The selected grid points were used to construct the IDF curves for the study area. Design storms, calculated from the IDF curves of different return periods, were then applied to the numerical flood simulation.
Numerical model setup
The MIKE 21 Flow Model (MIKE 21) is a general numerical modelling system for simulation of water levels and flows (DHI 2017a) . This modelling system is applied to coastal, marine engineering, ecological and inland flooding modelling projects. The water levels and flows are calculated on a rectangular grid which covers the area of interest with the information of bathymetry, bed resistance coefficients and hydrographic boundary conditions (Warren and Bach 1992) .
The model is divided into two different setups:
A runoff model domain built with MIKE 11 2D hydrodynamic model domain at 20 m resolution due to hefty computational time.
The area for runoff model is mainly mountain area and 2D model is for plain and urban areas. The calculated runoff discharges from MIKE 11 rainfall-runoff model are provided as inputs to the 2D model as its upstream boundary conditions. The division of sub-catchments map and hydrograph of runoff discharge are shown in Fig. 7 . The area for runoff model domain is 805.4 km 2 and 2D domain is 422.6 km 2 . Simulation period was calculated from the time of concentration using the velocity method (Heidler 2015) for the study area and the computational time is 10 h per one simulation with 1 s time step. The tide data were extracted from the Global Tide Model (DHI 2017b). The improved SRTM, at 20 m resolution, was used for bathymetry. Table 3 summarizes the details of the model setup.
Results
Improved SRTM
The performance of improved SRTM is significant at the validation step in Singapore. The trained ANN using TanDEM-X and Sentinel 2 multispectral imagery was applied to Singapore area to validate the performance. The original SRTM and improved SRTM were compared to surveyed DEM in Singapore. Figure 8 , shows the elevation maps from different sources with a satellite imagery for reference (Fig. 8a) . Figure 8b is surveyed DEM at 5 m resolution, (Fig. 8c) is TanDEM-X at 12 m resolution which is used for the target layer, (Fig. 8d) is SRTM at 30 m resolution and (Fig. 8e) is the improved SRTM at 20 m resolution. The improved SRTM shows clearer land shapes and better matches against the elevation of surveyed DEM. Figure 8f shows the difference between SRTM and Improved SRTM. Road areas have relatively larger differences (red color) and the areas with buildings have smaller differences. This implies that the elevation of roads is lowered and buildings are raised so that land shape can be more distinguished in the improved SRTM. Also, there was a significant reduction in the Root Mean Square Errors (RMSE) of 42.3% (7.8 m to 4.5 m) as shown in Fig. 9 . This trained ANN was then applied to the study area in Kendal to proceed with flood modelling. As there is no high accuracy DEM to be compared with improved SRTM, the shape of the surfaces was compared against satellite images and original SRTM. The improved SRTM shows clearer topography shapes than original SRTM, especially those river networks, roads and buildings (Fig. 10) .
Design storm scenarios
Meteorological station in Jakarta (Darmaga station), Indonesia with existing IDF curves was compared with the derived IDF curves from WRF/ERA40. The objective is to assess how Computational time 10 h per one simulation much the WRF/ERA40 derived IDF curves deviate from their observed counterpart. The baseline period considered is from 1961 to 1990. The derived IDF curves consistently underestimate the existing IDF curves within a range of 38% (lower bound) to 45% (upper bound) as shown in Fig. 11a (Liew et al. 2014 ). This implies WRF/ERA40 has the tendency to underestimate rainfall intensities which serves as a guideline for derivation of present and future IDF curves for sites with short or no rainfall records. This study also adapts the range of bias correction (38% to 45%) to the derived IDF curves as shown in Fig. 11b .
Flood model simulation results
Flood maps of two scenarios were generated from the M21 numerical model. Figure 12 shows the flood maps of 10-, 50-and 100-year return periods and 100-year return period with original SRTM. The flood map from original SRTM underestimates the flood extent when compared to the improved SRTM. This implies that the improved SRTM has more (Liew et al. 2014) connectivity in the topography allowing the water to flow naturally. Due to the lack of flood information, validating the model cannot be fulfilled in the study. The statistics of flood map extent based on different water depths is shown in Table 4 . It can be seen that total inundated areas keep increasing as return period progresses. The areas of inundation with 0.3-0.5 m water depth are decreasing with higher return period, while the areas with greater than 0.5 m are increasing. 8.3% of the catchment is inundated with 10-year return period and 20% of the area is inundated with 100-year return period. The flooded area of 100-year return period with original SRTM shows less extent than improved SRTM at below 1 m depth due to less connectivity of DEM but it is much higher at above 1 m depth.
Discussion
The flood hazard assessment has been conducted to address the flooding issues for Kendal Regency where challenges in obtaining high accuracy DEM and good quality with long recorded rainfall data. The improved SRTM was used as the topographic input which generated using ANN with Sentinel 2 multispectral imagery. The ANN was trained in the southern part of Malay Peninsula with TanDEM-X and Sentinel 2. The trained ANN was validated in Singapore and the improved SRTM is marked with a 42.3% RMSE reduction in general. As mentioned in 2.4, ANN was able to classify the (Fig. 8f ) , the difference between SRTM and Improved SRTM, road areas have relatively larger differences and the areas with buildings have smaller differences. The resolution of DEM was thus able to increase from 30 m to 20 m. This makes the elevation map of the improved SRTM look clearer land shapes than the original SRTM. After the validation, it was applied to Kendal Regency, where surveyed DEM was not available. The improved SRTM and original SRTM for the study area were compared against satellite imagery as reference DEM is not available this area. The shapes of catchment's surface were clearer in improved SRTM, especially river networks, roads and buildings compared to the original SRTM. The RCM WRF driven by ERA40 produced the mean daily rainfall data from 1961 to 1990 over Southeast Asia domain and have been compared reasonably well with gridded observation data of CRU. The IDF curves then were developed based on the criteria of RFA. It was found that the derived IDF curves underestimate the existing IDF curves (station in Jakarta) within a range of 38% to 45% thus this study proposed to adjust the range of bias correction to the derived IDF curves.
Flood map scenarios were generated using improved SRTM and design storms of 10-, 50-and 100-year return periods using MIKE 21 hydrodynamic model. Two different models were simulated; Rainfall-Runoff model and 2D surface model. Discharges from runoff model were then used as input for 2D model. The generated flood maps and statistic show that the inundated extent area with greater than 0.3 m ranges from 8.3% to 20% of the study area. The flood map of 100-year return periods using original SRTM was compared with using improved SRTM. The flood map with original SRTM has greater area of higher inundation depths (> 1 m) than improved SRTM in (Table 4) and those are concentrated in the middle of catchment (Fig. 12) . This implies that due to the limitation of SRTM (i.e. coarse resolution, inaccurate level and less connectivity) the flooded areas are not well distributed compared to the improved DEM. Figure 13 shows enlargement of the 100-yr flood maps in downstream. As the flooded areas are stuck in the middle of catchment from original SRTM, upstream water cannot flow downstream and this resulted in less flooded area in the lower catchment. In addition the flooded areas along the river in improved SRTM look reasonable as these are floodplains with a low-lying ground. 
Conclusions
The approach developed within this project presented an innovative and cost-effective flood hazard assessment. The freely accessible SRTM DEM was improved using remote sensing data and ANN. The developed information is significant and relevant to increase data accuracy allowing use of hydraulic numerical models. RFA was conducted using regional climate model downscaled precipitation data, as proxies, over the study area. The IDF curves with different durations and return periods were constructed as inputs for the numerical model. This method can be applied to areas lacking adequate rainfall records. The methodology and obtained results are significant for smart water management in the areas where data are not sufficient. The paper should be of interest to readers in the areas of remote sensing, artificial intelligence and flood management, especially for the policy makers in proposing relevant flood mitigation measures to the anticipated increasing flood damages, with higher confidence.
